shanks or openers that disturb soil to a depth of ~0.17 m (Nunes et al., 2014; Nunes et al., 2015) ; chiseling to a depth of ~0.20 to 0.30 m every year or occasionally (Secco et al., 2009; Calonego and Rosolem, 2010; Calonego et al., 2017) ; combining tillage (disc plow and disc harrow to a depth of ~0.20 m) with lime application (Fidalski et al., 2015) , or subsoiling diagonally across the field at a depth of ~0.60 m (Wang et al., 2014; Bobade et al., 2016) .
Increasing observations of NT compaction coupled with the well-documented adverse effects of compaction are creating a soil and crop management dilemma for many Brazilian farmers. They adopted NT to reduce soil erosion and energy needs, increase soil organic matter, and improve soil structure and soil biological attributes (Grandy et al., 2006; Lal et al., 2007; Derpsch et al., 2010; Soane et al., 2012) . Now, the need (real or perceived) to mitigate NT compaction is threatening to destroy many of the long-term NT benefits (Caires et al., 2006; Stavi et al., 2011; Zhang et al., 2017) .
To determine the best course of action, on-farm field-scale studies and detailed monitoring of soil physical properties as well as crop responses to various mitigation strategies are being recommended. This requires being able to identify the most sensitive and responsive soil physical properties that can limit or enhance crop yield. Identification of the most sensitive indicators will also require identification of new screening tools to ensure cost-effective, meaningful, and efficient monitoring.
Soil physical factors that directly affect crop yield include water, oxygen, temperature, and mechanical resistance (Letey, 1985) . The status of these factors can be quantified by using soil physical quality indicators to identify soil compaction and establish crop yield relationships (Arshad et al., 1996; Nortcliff, 2002; Reynolds et al., 2009 ). These relationships, however, are often influenced by climatic conditions (Letey, 1985; Bölenius et al., 2017) , making it difficult to establish direct relationships. As a result, studies have shown that during rainy periods there is often no correlation between soil physical properties and crop yield (Secco et al., 2004; Klein and Camara, 2007; Calonego and Rosolem, 2010; Hakojärvi et al., 2013; Girardello et al., 2014; Cecagno et al., 2016; Calonego et al., 2017) .
Tools used to assess causal relationships among soil properties or between selected indicators and crop yield include Pearson's correlation (Shukla et al., 2004; Montanari et al., 2010; Silva et al., 2017) , multivariate analysis (Shukla et al., 2004; Santi et al., 2012; Bölenius et al., 2017) , and simple as well as multiple linear regression (Flowers and Lal, 1998; Busscher et al., 2001; Montanari et al., 2010; Bölenius et al., 2017) . Each method has a variety of strengths and weakness with one of the most limiting being the amount of data needed to accurately measure or model the relationships. Recent advances in computational methods and development of machine learning techniques have greatly enhanced prediction capacity for and modeling of nonlinear relationships in agriculture. The Random Forest algorithm (RFA) (Breiman, 2001) is one method that has been widely applied because of its high accuracy, capacity to identify important co-variables, ability to model complex interactions, flexibility for statistical analysis, and ability to compensate for missing values (Cutler et al., 2007) . However, few studies have used RFA to estimate crop yield (Vincenzi et al., 2011; Fukuda et al., 2013; Everingham et al., 2016; Smidt et al., 2016) , and only Smidt et al. (2016) included soil physical properties and available water supply as predictor variables.
We hypothesized that a RFA could efficiently identify soil physical properties sensitive to compaction in NT systems, detect short-term alterations in soil structure in response to management practices, and relate those changes to soybean yield in Brazil. Furthermore, by identifying the most sensitive and responsive soil physical property indicators, it will be possible to improve decisionmaking processes regarding when and how interventions should be made to reduce effects of NT soil compaction. Our objectives were to (i) assess effects of various management strategies for ameliorating compacted soils by measuring soil physical property, soybean growth, and yield responses; and (ii) identify critical soil physical property indicators describing soybean yield response to soil structure changes using RFA, Pearson's linear correlation, and principal component analysis (PCA) as complementary response tools.
MAtErIAL AND MEtHODs

Field Experiment Location and Description
An on-farm field study using commercial equipment was conducted on Santa Helena farm at 21°15¢39² S latitude and 44°31¢04² W longitude within the Campo das Vertentes mesoregion near Nazareno town in the Minas Gerais State of Brazil. The average altitude is 1020 m and the climate, according to Köppen climatic classification, is Cwa with cold/dry winters and hot/rainy summers. Average annual rainfall and temperature are 1300 mm and 19.7°C, respectively (Fig. 1) . The soil is classified as Typic Hapludox (Soil Survey Staff, 2014) with clay, silt, and sand contents within the 0-to 0.30-m depth of 530, 250, and 220 g kg -1 , respectively.
Five farmer-selected strategies combining physical and chemical manipulations to address NT soil compaction were established in 18 m wide and 80 m long (1440 m 2 ) strips. Five treatments were studied ( Fig. 2 ):
• T1: NT for 10 yr (control)
• T2: NT with surface application of 3.6 Mg ha -1 of agricultural gypsum • T3: NT with subsoiling plus 1.44 Mg ha -1 of highly reactive limestone (relative power of total neutralization = 180%) applied to a depth of 0.60 m between each row • T4: NT planting following chisel plowing at a depth of 0.26 m • T5: NT with subsoiling to a depth of 0.60 m plus 1.44 Mg ha -1 of surface-applied, highly reactive limestone (relative power of total neutralization = 180%) The width of each treatment corresponded to two passes with an NT drill. True statistical replication was not feasible, so data were collected from four, 360 m 2 pseudo-replicates within each treatment strip. The experimental area has soil homogeneity (Typic Hapludox), similar slope gradient, and equal cropping and management history. A similar statistical approach, using pseudo-replicates, was successfully used in prior studies (Shukla and Lal, 2005; Stavi et al., 2011; Cecagno et al., 2016) .
The tillage and chemical amendment treatments were established in September 2015. Soybean (a Syngenta VTOP conventional cultivar) was sown in November 2015 and harvested in March 2016. The crop was fertilized based on soil analyses and considering potential nutrient requirements of the soybean crop (Novais, 1999) . At planting, 81 and 120 kg ha -1 of P 2 O 5 and K 2 O fertilizer, respectively, were applied using mono-ammonium phosphate (MAP) and muriate of potash (KCl). Mono-ammonium phosphate was applied in the seed furrow and KCl was broadcast just before planting. Weed, pest, and disease management operations were selected and implemented by our farmer-cooperator. The crop sequence used on the farm consists of a soybean and corn (Zea mays L.) rotation during the summer (November-March) followed by wheat (Triticum aestivum L.) or dry bean (Phaseolus vulgaris L.) during the winter (March-June). When soil moisture conditions favor the plants development, oat (Avena sativa L.) was cultivated after the winter crop.
Chemical characteristics for five on-farm treatments following a soybean crop grown from November 2015 through March 2016 are presented in Table 1 . The soil compaction status within each NT plot was assessed using a morphological description following 10 yr of no-till planting.
soil and Plant sampling and Analysis
Soil samples were analyzed for water pH (soil/water ratio of 1:2.5), soil organic matter (Walkley and Black, 1934) , exchangeable Ca 2+ , Mg 2+ , and Al 3+ , and plant-available K and P (Sparks et al., 1996) . At harvest, plant height (PHeight) and first pod height (Inser1stpod) were measured from the soil surface to the plant's apex or first pod, respectively, using a ruler on five randomly selected plants from each plot. Seed yield was measured by collecting the beans from five adjacent, 5-m rows spaced 0.6 m apart in each plot (i.e., 15 m 2 ). Seed weight was corrected to a water content of 130 g kg -1 (13%) and converted to Mg ha -1 .
Following soybean harvest, soil samples were collected from 0.00-to 0.05-, 0.20-to 0.25-, and 0.30-to 0.35-m depth increments within each plot, using volumetric cylinders (0.025 m height × 0.06 m diam.). Those three depth increments were chosen because soil structure to a depth of 0.60 m is very homogeneous. The samples were saturated and placed on an automated tension table (Ecotech) where they drained to matric potentials of -1, -2, -4, -6, and -10 kPa. They were then placed in a Richards porous plate chamber and drained to matric potentials of --33, -100, -500, and -1500 kPa (Klute, 1986) . The matric potential data and RETC software were used to compute a water retention curve with the Mualen restriction (van Genuchten, 1980) . Porosity of the soil macropore domain (PORp), air capacity (AC), relative field capacity (RFC), and air capacity of soil matrix (ACm) were calculated using the water retention curve as described by Reynolds et al. (2002 Reynolds et al. ( , 2009 ). Plant-available water capacity (PAWC) was estimated as the difference between field capacity (-10 kPa) and permanent wilting point (-1500 kPa). Readily available water (RAW) was calculated using field capacity (-10 kPa) as the superior limit and -100 kPa as the inferior limit. Those soil physical properties were also used to estimate field capacity as the soil water content at the inflection point of the water retention curve (PAWCip) and (RAWip) (Silva et al., 2014) , and to calculate the S index (Dexter, 2004) and integral energy (IE) based on PAWC (Asgarzadeh et al., 2011) using the SAWCal software (Asgarzadeh et al., 2014) . Bulk density (BD) was determined volumetrically (Grossman and Reinsch, 2002) . Total porosity (TP = 1 -BD/PD) was computed using particle density (PD) values obtained by the volumetric flask method (Flint and Flint, 2002) . Microporosity (Mic) at -6 kPa, and macroporosity (Mac; Mac = PT -Mic) were also calculated for each sample.
Soil PR was measured before soybean harvest in March 2016 using a dynamic impact penetrometer (model IAA/ PLANALSUCARSTOLF) and is reported as a cone index (Stolf, 1991) . The PR measurements were replicated three times in each plot, and the mean was determined and represented one replicate per plot. In this way, 12 probings were done in each treatment (N = 60). To account for the impact of soil moisture content, PR measurements were made for all treatments within a short period of time at a water content near field capacity.
statistical Analysis
Descriptive statistics were computed to evaluate variability of soil physical property and plant response date in response to treatments designed to ameliorate NT soil compaction. Using plot data from the non-replicated on-farm study, an analysis of variance (ANOVA) was computed for each sampling depth. The degrees of freedom for each treatment were partitioned to create orthogonal contrasts for NT control vs. NT plus chemical, physical (chiseling or subsoiling), or combined strategies to ameliorate compaction (T1 and T2 vs. T3, T4, and T5); gypsum effects (T1 vs. T2); subsoiling vs. chiseling (T3 and T5 vs. T4); and subsoiling with surface or deepplacement of agricultural limestone (T3 vs. T5). These contrasts were evaluated using the ANOVA residual mean square. Calculations were performed using R software (R Development Core Team, 2017).
Quantification of Plant response to soil Physical Properties
To quantify how plants responded to various chemical and physical treatments implemented in an on-farm study to ameliorate NT soil compaction, multivariate analysis (principal component analysis) and linear correlation were applied to the measured and calculated data. The results were then used as input for an RFA to rank the importance of various soil physical property variables with regard to estimating soybean yield response. Details for each phase of the analysis are described below.
Linear Correlation and Principal Component Analysis.
Pearson linear correlation (p < 0.05) was used to quantify relationships between soil physical properties and soybean response variables. First, however, to avoid redundancy and reduce the number of soil physical properties within each treatment groups, a PCA was performed, which divides the original variables into smaller groups of statistical variables (factors) with minimum loss of information (Hair et al., 2009) . For this study our initial 18-variable dataset could be characterized by two new latent variables and viewed within biplots. These analyses were also performed using the R software package FactoMineR (Lê et al., 2008) .
Random Forest Algorithm Analysis. The RFA modeling is a non-parametric technique developed by Breiman (2001) as an extension to CART (Classification and Regression Trees). Its purpose is to improve prediction accuracy by combining several "trees" generated from a random vector that is sampled independently, assuming the same distribution for all trees in the "forest. " Tree branches are determined based on a subset of covariables chosen randomly from all covariables. The result thus provides a mean representing all trees (Breiman, 2001) .
The RFA was generated using the Random Forest software package in R (Liaw and Wiener, 2002) . To use an RFA, three parameters must be defined: the number of trees in the forest (ntree), the minimum number of data in each terminal node (nodesize), and the number of variables used in each tree (mtry) (Liaw and Wiener, 2002) . For this study ntree = 1000, nodesize = the standard for regression analyses (i.e., five for each terminal node), and mtry = onethird (i.e., 3 of 9) of the total number of predicting variables (Liaw and Wiener, 2002) . Yield was predicted using soil physical properties for each depth increment, thus generating four models (i.e., one for each depth increment plus the entire 0.35-m profile). The result is that the increment error percentage in RFA models (%incMSE) demonstrates the importance of each variable with regard to predicting soybean yield.
Finally, the prediction model was validated using an independent dataset. Thus, for each depth increment, data from three plots per treatment were used for calibration and one for validation. Performance of each RFA model was further evaluated by comparing estimated and observed values, proportion of variance explained (Var ex ), coefficient of determination (R 2 ) means, root mean square 1.66 † SOM, soil organic matter; V, base saturation; T, potential cation exchange capacity; T1, NT for 10 yr (control); T2, NT with surface application of 3.6 Mg ha -1 of agricultural gypsum; T3, NT with subsoiling plus 1.44 Mg ha -1 of highly reactive limestone (relative power of total neutralization = 180%) applied to a depth of ~0.60 m; T4, NT planting following chisel plowing at a depth of ~0.26 m; and T5, NT with subsoiling to a depth of ~0.60 m plus 1.44 Mg ha -1 of surface-applied, highly reactive limestone (relative power of total neutralization = 180%). error (RMSE) and root mean square error relative to the average experimental yield (RRMSE).
rEsULts AND DIsCUssION soil Physical Property and Plant response
Subsoiling (T3 and T5) and chiseling (T4) increased soybean yield and resulted in lower Inser1stpod values than treatments without mechanical intervention (T1 and T2) ( Table 2) . As expected, the field operations (chiseling or subsoiling) were more effective than either lime (T3 and T5) or gypsum (T2) applications because those treatments did not affect soil chemical properties (Table 1) . Other studies have also shown greater soybean yield response to chiseling (Calonego and Rosolem, 2010; Calonego et al., 2017; Cortez et al., 2017) and subsoiling (Botta et al., 2010; Bobade et al., 2016) , even in subsequent years. Similar soil property effects were also observed within wheat and corn fields (Klein et al., 2008; Secco et al., 2009 ), but results still diverge regarding yield improvement (Izumi et al., 2009; Lozano et al., 2016) .
This on-farm evaluation indicated both physical and chemical treatments to ameliorate NT compaction were effective at improving soil physical properties, which in turn increased soybean yield, even when rainfall and therefore water supply were sufficient. Studies quantifying subsoiling and chiseling effects in clay soils under NT management have not reached consensus regarding their effect on crop yield, probably because of interactions with available soil water that can significantly influence the severity of soil compaction (Calonego and Rosolem, 2010; Hakojärvi et al., 2013; Girardello et al., 2014; Cecagno et al., 2016; Calonego et al., 2017) . Soil water content is also influenced by changes in pore-size distribution, which in granular oxidic soils (Silva et al., 2015) can result in reduced transmission of soil water to plants (Debiasi et al., 2010) and thus expose them to hydric stress in dry years.
Seasonal rainfall of approximately 1000 mm ( Fig. 1 ) at this on-farm site easily met the crop water requirement for maximum yield, which varies between 450 and 800 mm, depending on other climatic conditions, soil management, and plant characteristics (Farias et al., 2007) . Of these 1000 mm rainfall, soybean plants were supplied with approximately 7.5 mm of water per day ( Fig. 1) , during flowering and grain formation, which is therefore considered ideal for those phases (Farias et al., 2007) .
Subsoiling was more effective than chiseling with regard to increasing soybean yield (Table 2) . This presumably reflected the larger and thicker shanks and breaking of compacted layers deeper within the soil profile than is feasible with chiseling. Subsoiling was confirmed to be more effective for improving soil physical properties (Botta et al., 2006) than chiseling, which often has a residual effect of only 6 to 30 mo, depending on the soil physical properties (Nunes et al., 2014; Drescher et al., 2011) . Subsoiling, however, may have a residual effect lasting from 24 to 48 mo for soils where cereal crops are being grown (Busscher et al., 1995) to as long as 120 mo beneath eucalyptus (Eucalyptus globulus L.) plants (Curi et al., 2017) . Therefore, subsoiling, which does require more energy, may be a more effective practice for alleviating NT compaction when evaluated from economic and environmental perspectives.
There were no statistical differences between the treatments that were subsoiled (T3 and T5); thus, the local (~0.60-m depth) or surface application of limestone had no effect on soybean yield. It was already expected to have little or no effect on soybean yield, because some studies have shown that not even the limestone incorporation has improved the subsequent crop yield in NT consolidated areas (Quincke et al., 2007; Rossato et al., 2009; Fidalski et al., 2015) . Similarly, application of gypsum (T2) when compared with the NT control (T1) did not increase soybean yield. These results therefore confirm that increases in soybean yield in this on-farm study occurred due to improvements in soil physical properties. The soil physical properties that were most sensitive to change due to tillage, regardless of depth, were: Mac, Mic, BD, S index, AC, RFC, and PR. On the other hand, IE, TP, PAWC, PAWCip, RAW, RAWip, PORp, and ACm showed significant differences only between the control (T1) and either subsoiling or chiseling (T3, T4, and T5) and/or between subsoiling (T3 and T5) and chiseling (T4) at the 0.20-to 0.25-m depth ( Table 2) . Among the measured soil physical properties, PR was the most variable within all three depth increments, suggesting it is highly sensitive to chemical and physical manipulations in addition to soil moisture content. The soil physical properties identified in this study as most sensitive to physical, chemical, or combined NT compaction treatments are also those commonly used as soil quality indicators (Arshad et al., 1996; Nortcliff, 2002; Dexter, 2004; Reynolds et al., 2002 Reynolds et al., , 2008 .
relationship between soil Physical Properties and soybean Yield Pearson Correlations
Among the 15 soil physical properties measured at the 0.00to 0.05-m depth increment, 73, 20, and 7% significantly correlated with soybean yield, Inser1stpod, and PHeight, respectively (Table 3) . There was a reduction in significant correlations with depth, presumably because of differences in root distribution for this cultivar and main soil management effect on topsoil, among others. Gregory (1992) found that approximately 80% of soybean root mass is distributed in the top 0.15 m of the soil profile, especially when rainfall is adequate ( Fig. 1) and plants do not need to develop a deeper root system.
The greatest variation in soil physical properties was within the top 0.05 m (Table 4) , which is the zone most affected by soil and crop management (i.e., wheel traffic, planting, fertilization, harvest, subsoiling, and chiseling practices) and therefore affected by soil compaction (Batey, 2009; Reichert et al., 2009; Drescher et al., 2011; Nunes et al., 2014 Nunes et al., , 2015 . Furthermore, when the entire 0-to 0.35-m soil profile was analyzed, it was the surface layer that was most responsive to management and was therefore a dominant factor driving the whole profile correlation.
At the 0.00-to 0.05-m depth, PR (r = -0.74), which is a reliable indicator of soil mechanical resistance, showed the highest correlation with soybean yield. This was followed by properties associated with soil air capacity: Mac (r = 0.67), AC (r = 0.67), RFC (r = -0.66), and S index (r = 0.64). Those properties are all related to the capacity of a soil to provide air and water throughout the entire distribution of pores. The least sensitive indicators were those associated with retention capacity and potential water availability PAWCip (r = 0.63), RAWip (r = 0.63), and Mic (r = -0.49).
Penetration resistance at all evaluated depths correlated to soybean yield, which was presumably associated with root cell elongation (Bengough et al., 2001) and its effect on plant shoots (Passioura, 2002) and in agreement with other studies (Busscher et al., 2001; Beutler et al., 2006; Koch et al., 2009; Dalchiavon et al., 2011; Ahmad et al., 2010; Bölenius et al., 2017) . This result has an important practical aspect, because it suggests that PR can be used as a fast, low-cost indicator to help with decision-making regarding management practices that should be used to address NT compaction or within pedotransfer functions for evaluating more complex indicators. Bölenius et al. (2017) reported that PR could explain crop yield variation and is therefore a good screening tool for areas with poor soil physical conditions or where chemical or physical treatments were imposed to alter the physical state. However, other reports indicate a lack of correlation with yield under consolidated NT, presumably because of biopores created by previous crops and used by the current crop as a pathway for root growth that are not represented by the penetrometer readings (Stirzaker et al., 1996; Bengough et al., 2011) .
Positive and significant correlations between soybean yield and Mac, AC, and S index, as well as a negative correlation with RFC, confirm that disrupting soil compaction alters pore-size distribution, often increasing the relative number of larger pores and thus favoring crop yield because macropores provide most of the soil air porosity. PORp, porosity of soil macropore domain; AC, air capacity; ACm, air capacity of soil matrix; RFC, relative field capacity; RAW, readily available water; PR, penetration resistance; PAWCip, plant-available water capacity using the inflection point as field capacity; RAWip, readily available water using inflection point as field capacity. ‡ Represents the mean value calculated for three depths, representing the 0-to 0.35-cm profile. Lapen et al. (2004) showed that low air-filled porosity results in low yield and an inefficient plant establishment, thus making it an adequate predictor of biometric properties in agricultural crops. For soybean, lack of soil O 2 may inhibit biological N fixation (Bacanamwo and Purcell, 1999) and the uptake of nutrients. This ultimately decreases root growth and nodulation, most likely, due to the O 2 demand within the biological N fixation process (Amarante and Sodek, 2006) .
The treatments with greater soybean yield (T4 and T5) had RFC values of less than 0.6, indicating the crop produced more in the presence of pores responsible for supplying oxygen than water. These results probably reflect the abundant rainfall (Fig. 1) that met crop needs throughout the growing season and especially during flowering and grain formation. There may have even been water excess at some times, which reduced air porosity, since total rainfall was 200 mm greater than the ideal for soybean. Higher RFC values (RFC > 0.7) cause a reduction in N fixation, limiting the plant development due to insufficient aeration (Linn and Doran, 1984; Reynolds et al., 2008) .
Regarding indicators of plant water availability, PAWCip and RAWip were more sensitive than conventional PAWC and RAW with regard to soybean yield. The latter indicators did not show a significant correlation. Andrade and Stone (2011) reported that when they used a single independent variable to predict the field capacity, the best correlation occurred with the inflection point, which was also in agreement with studies by Ferreira and Marcos (1983) , Mello et al. (2002) , and Silva et al. (2014) . Those authors suggested soil moisture at the inflection point corresponded to field capacity in tropical soils. The PAWC and RAW determined by classic definition are not considered adequate indicators of soil physical quality, especially in intensive agricultural systems with soil compaction problems. However, there are similar implementations using the superior and inferior limits of PAWC and RAW that do not cause a substantial change in those properties (Reynolds et al., 2008) . Therefore, use of the inflection point associated with the water retention curve was useful as an indicator of compaction changes caused by soil management.
Among the soil physical properties measured for the 0.00-to 0.05-m depth increment, PR (r = 0.53), S index (r = -0.46), RFC (r = 0.38), and TP (r = -0.31) correlated to Inser1stpod height (Table 3) . Penetration resistance also had the highest correlation coefficient at the 0.20-to 0.25-m depth and for the entire soil profile. Plant height was correlated with RAW (r = -0.51 and -0.54) to a depth of 0.25 m and with IE (r = 0.52) correlated at the 0.20-to 0.25-m depth. The treatments that did not use chiseling or subsoiling to disrupt NT compaction had higher Inser1stpod values when compared with those that were chiseled or subsoiled. Plant height was not influenced by soil management. 
Principal Component Analysis
The PCA divided the 18 variables into two groups (PC1 and PC2), making it possible to characterize and quantify the combined importance of variables that were most sensitive to the five on-farm treatments. The quantity of information from the original variables retained by two principal components was 91, 97, 79, and 89% for the 0.00-to 0.05-, 0.20-to 0.25-, and 0.30-to 0.35-m depth increments and the whole soil profile, respectively (Fig. 3) . These values are well above the 70% threshold established as adequate PC accuracy (Hair et al., 2009) .
Group PC1 explained between 59 and 84% of total variance, whereas PC2 explained between 13 and 21%. Therefore, most variables contributed more with PC1, including soybean yield. For all depth increments, the variables associated with mechanical impediments to root growth (PR and BD) and aeration restrictions (RFC and Mic), which are negatively correlated with soybean yield, were in the left portion of PC1. However, variables related to air and water availability (Mac, ACm, AC, PORp, and RAWip) and soybean yield were more concentrated in the right portion of PC1 (Fig. 3) .
For the 0.00-to 0.05-m depth, variables that contributed most to PC1 were Inser1stpod (-0.73), RP (-0.96), Mic (-0.99), BD (-0.98), and RFC (-0.98). Grouping the treatments that did not include chiseling or subsoiling (T1 and T2) are located on the left side of PC1 (negative correlations). On the contrary, ACm (0.80), AC (0.98), RAWpi (0.99), Mac (0.98), TP (0.94), PORp (0.91), and Yield (0.90) associated with chisel (T4) and subsoil treatments (T3 and T5) are located on the right side of PC1 (positive correlations). Within the surface layer (0.00-0.05 m), the control had greater mechanical resistance to root penetration (PR and BD) and water retention (RFC and Mic), decreased pore-size distribution and aeration (AC, S, Mac, PORp, and TP), and lower plant water availability capacity (RAWip). The opposite was observed for treatments that had mechanical disruption of the NT compaction. These results thus show improvement in soil physical conditions for crop yield with mechanical intervention.
At depths greater than 0.20 m and for the entire profile analysis, chiseling was grouped with the treatments that did not disrupt compaction because of the superficial effect of chiseling on soil physical properties. Chiseling simply did not penetrate the entire depth of compaction because it was not effective below 0.26 m. Therefore, considering and confirming the orthogonal contrast results for yield (Table 2) , it is possible to affirm that subsoiling treatments (T3 and T5) altered the subsoil physical properties that were important for increasing soybean yield. This is very important for the Cerrado biome because short-term drought is a common occurrence, even during the rainy season.
Variables associated with mechanical resistance to root penetration (i.e., PR), soil aeration (i.e., PORp Mac and RFC), pore size distribution (i.e., S index), and water availability (i.e., RAWip) were highly correlated with soybean yield and therefore formed an acute angle (positive correlation) or angles close to 180° (negative correlation) (Fig. 3 ). There were no substantial differences in the distribution of variables as a function of soil depth because PCA groups variables as a function of their variance (that is, according to their behavior in the population and that did not change among the sampling depths, despite the decrease in magnitude of correlation coefficients among the variables).
With respect to biometric variables, PHeight was not an effective indicator for a soil management study focused on disrupting NT soil compaction, because there was very little correlation between PHeight and either soil physical properties or soybean yield. Inser1stpod height, however, had a negative correlation with soybean yield, indicating that when the plant delays flowering there is likely a decrease in potential yield. Therefore, Inser1stpod may be a useful indicator to predict the soybean potential yield, making it possible to monitor the soil compaction and make decisions regarding when to use mechanical methods to disrupt soil compaction. For the cultivar used and edaphoclimatic conditions encountered in this study, the greatest yield was associated with Inser1stpod heights between 0.12 and 0.13 m above the soil, whereas the lowest yields had values greater than 0.15 m.
random Forest Algorithm
The best regression models within this on-farm study were obtained for the 0.00-to 0.05-m depth increment and the whole (0-0.35 m) soil profile as indicated by higher proportion of variance explained (Var ex ) values in Table 5 . This statistical parameter is an important indicator for comparing the performance of different prediction models (Liaw and Wiener, 2002) .
To confirm the results for this on-farm study, a validation model was constructed. Through the R 2 and RMSE it confirmed the best adjustment and the least error, respectively, were associated with the 0.00-to 0.05-m depth increment (R 2 = 0.80* and 0.295 Mg ha -1 ; *Significant at 0.05) and for the whole profile (R 2 = 0.94** and 0.31 Mg ha -1 ; **Significant at 0.01). Furthermore, the RRMSE shows the RFA error for predicting soybean yield was only 7% of the average experimental yield; a level consistent with excellent accuracy (Li et al., 2013) . These results thus demonstrate the potential to predict soybean yield in Brazilian NT fields using soil physical property data and an RFA. Other studies that used RFA models to estimate crop yield based on climatic (Everingham et al., 2016) , environmental (Vincenzi et al., 2011) , and water (Fukuda et al., 2013) variables also found adequate on-farm accuracy in these respective estimations. Figure 4 shows the percentage of increase in the mean square error (%IncMSE) of the RF prediction model for soybean yield when each of the soil physical properties is removed. Regardless of depth, PR was the most important indicator for predicting soybean yield. Particularly to the models that were significant and validated, the decreasing ranking of importance for the 0.00-to 0.05-m depth is: PR, Mac, S, RFC, AC, TP, PORp, Mic, and BD, and for the whole profile: PR, RFC, Mac, Mic, S, BD, AC, TP, and PORp. There are subtle differences in the importance of various soil physical indicators when the 0.00 to 0.05 and whole profile (0-0.35 m) are compared (Fig. 4) , but PR is consistently the most influential variable for predicting soybean yield. Among the nine measured soil physical property indicators, Mac, the S index, RFC, Mic, and BD are also important.
Our results show the Pearson correlation analysis and RFA assessment are in agreement. Regarding the PCA, some properties that were highly related to yield (e.g., PORp and Mic) did not stand out in the RFA model. The PCA was useful for reducing the number of variables and grouping soil physical properties that were responsive to the treatments. The most sensitive soil physical properties for detecting changes due to chemical and/or physical treatments (Table 2) were also the most important for predicting soybean yield (Fig. 4) . This includes those reflecting mechanical resistance to root penetration (PR), air capacity (AC and Mac), and pore size distribution (RFC and S index) . In contrast, water availability indicators were neither sensitive nor did they influence soybean yield. This likely reflects the suitable supply of water by rainfall during the crop period (Fig. 1) . Our recommendation, therefore, is to monitor PR, AC, Mac, RFC, and S index to determine if intervention is needed to correct for NT compaction and thus increase soybean yield potential.
Considering PR as a sensitive property to management practices and soybean yield (Tables 2 and 3; Fig. 4) , the linear regression of soybean yield as a function of PR was adjusted ( Fig. 5 ), being significant (p < 0.01). The optimal range for PR was established as a function of the mean value ± standard deviation of treatments T3 and T5, which had higher yields. Thus, PR between 1.15 and 1.54 MPa was the range related to greater soybean yields (Fig. 5 ). Penetration resistance above 2MPa, considered critical for most crops, was associated to lesser yields.
Considering the optimal range of PR, the linear regressions were adjusted with PR and RFC, Mac and S index (p < 0.01), similarly as proposed by Reynolds et al. (2008) , in order to obtain the optimal ranges for these respective soil physical properties (Fig. 6) . Thus, the optimal range for RFC was established between 0.573 and 0.604, Mac was between 0.205 and 0.225 m 3 m -3 , and S Index was between 0.070 and 0.077. These values are more restrictive than the ones presented by Reynolds et al. (2008) and the ones specific to soybean crop ; however, they were obtained in high-yield conditions.
CONCLUsIONs
Mechanical intervention, specifically subsoiling, after long-term NT (10 yr) improved soil physical properties and increased soybean yield during the first crop cycle within this on-farm Brazilian study. Soybean yield response to chiseling was less than for subsoiling, presumably because the depth of soil property alteration was reduced.
Use of an RFA ranked PR, AC, Mac, RFC, and S index as the most important soil physical property indicators with regard to predicting soybean yield. These soil physical indicators were also sensitive to soil structure changes induced by the various treatments imposed to address NT soil compaction. Therefore, we conclude they should be considered key soil physical properties for monitoring soil compaction and deciding when to correct it. We also point out that if time and fiscal resources are limited, PR is the indicator that should be used to guide on-farm decision-making regarding when and how to address NT soil compaction and its effect on soybean yield.
More studies across different soils types, years of NT, and climates are needed to accurately predict effects of occasional tillage on soil physical quality and crop yield in Brazilian NT systems.
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